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Resumen�In this study the tracking problem for a class
of nonlinear uncertain systems is tackled. A new sliding
mode neurocontroller is suggested to solve this problem. The
designing of this controller includes the construction of on-line
state estimates and the corresponding tracking control based
on sliding mode approach using obtained state estimates. We
apply a special sliding mode technique during the .off-line
training�to estimate the right-hand side of the given dynamics
in �nite-time and then to use these estimates for the best (in
LQ-sense) nominal weights selection in the designed neuro
observer. A switching (sign) type term is incorporated in to
the observer structure to correct the current state estimates
using only available and on-line measurable output data
supplied with a new learning procedure with a relay term.
The illustrative example dealing with a real water ozonation
process is presented.
Keywords: Sliding Mode Control, Differential Neural Ne-

towork, State Observers, Orthogonal Compensation.

I. INTRODUCTION
Research on adaptive output feedback control of uncer-

tain nonlinear dynamic systems is of paramount importance
today, particularly considering the growing interest in the
use of unconventional monitoring devices such as chemical
sensors, piezoelectric actuators, etc. In a large number of
practical problems there are important disturbances, uncer-
tainties or several parameter variations. In these situations
a solution of the control problem is given by the, so-called,
unconventional adaptive control supplied by a mechanism
for adjusting the parameters of controllers (Esfandiari y
Khalil, 1992). A solution of the output feedback stabiliza-
tion problem for systems in which nonlinearities depend
only upon the available measurement, is given in (Praly y
Jang, 1993). In (Krstic et al., 1995), backstepping -based
approach is used and its extension is in (Jiang, 1999),
(Knobloch et al., 1993) and (Tsinias, 1990).
Over the past decades, considerable research efforts

had been undertaken on control designing for uncertain
nonlinear dynamic systems. Uncertainties in dynamic sys-
tems, commonly occurred in actual applications, provoke
considerable troubles in any control realization being a
source of instability or poor performance. There are several
approaches to make the synthesis of control in this situation.
Two most effective of them, as it is widely recognized, are

the Neural Network Approach and the Sliding Mode tech-
nique. Practically, there are few publications considering
applications of both of them simultaneously on adaptive
controller desing based on state estimation (Chairez et
al., 2006). Such combinations of both methods seems to be
very promising providing a new instrument for identi�cation
and control of a wide class of systems with uncertainties.
This paper presents the realization of this idea and suggests
the control designing based on both Differential Neural
Network Observation and Sliding Mode Technique, applied
to the obtained neural network model. Below this approach
is referred to as Sliding Mode Neurocontrol.
Sliding Mode Control (SMC) is an effective approach

to identify and control a wide class of unknown sys-
tems (Utkin, 1992). This technique applies discontinuous
feedback actions to reach and maintain the closed-loop
dynamics on a certain manifold (in the state space) with
corresponding desired properties. This control offers sig-
ni�cant potential advantages comparing to other identi-
�cation and control techniques: good transient behavior,
global exponential stability of a small estimation error, no
modeled disturbance rejection capability, insensitivity to
plant nonlinearities or parameter variations and remarkable
stability and performance robustness (Slotine, 1984), (Utkin
et al., 1999). In this study we suggest a dynamic neuro
observer (see the subsection below), which incorporates
switching type term to correct current state estimates using
only available measurable output data.
Arti�cial Neural Networks (NN) have shown good iden-

ti�cation properties in the presence of some uncertainties
or external disturbances. There are known two type of
NN: static one, using (in general) the, so-called, back-
propagation technique (Haykin, 1994) and dynamic neural
networks (DNN), (Rovithakis y Christodoulou, 1994). The
�rst one deals with global optimization problems trying to
adjust the weights of such NN to minimize an identi�ca-
tion error. The second approach, exploiting the feedback
properties of the applied DNN, permits to avoid many
problems related to global extremum search converting the
learning process to an adequate feedback design, (Poznyak
et al., 2001), (Lewis et al., 1999).
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Several approaches dealing with state estimation problem
are widely used in practical applications. Among them
there are the Lie-algebraic method (Knobloch et al., 1993),
Lyapunov-like observers (Slotine, 1984), high gain obser-
vation (Giccarella et al., 1993), the reduced-order nonlinear
observers (Garcia y D'Atellis, 1995) and others. However,
all of them requires the complete description on mathe-
matical model representing the uncontrolled plant. A new
approach so-called Dynamic neuro-observers are studied in
(Poznyak et al., 1998), (Poznyak et al., 2005) and (Poznyak
et al., 2001), which incorporates a special characteristic on
the state reconstruction problem: non exact knowledge on
mathematical description is a priory needed.

I-A. Motivation and Main contribution
One of the most attractive feature of the SMC approach

is its �nite-time convergence for controlled trajectories to
a desired sliding surface (Utkin, 1992). The realization
of such control demands the complete knowledge of all
current states of the system to be controlled. Obviously
when dealing with SMC and only output (no state) in-
formation is available for a designer, it turns out to be
useless when it's applied directly. Thus SMC application
demands state observer designing to keep all its attractive
features. When a nonlinear model of a controlled system is
a priory unknown exactly, the state observer designing is
suggested to be realized by applying the Dynamic Neural
Network Approach to construct such state estimates with
their following use in SMC. So, the synthesis and analysis
of such sliding mode neurocontrollers seems to be a real
challenge for modern control engineers.
In this study the SMC approach is applied four times to

construct on-line the state estimates of an uncertain nonlin-
ear system and the corresponding tracking control: 1) �rst,
we apply a standard SMC during the .off-line training�to
estimate the right-hand side of the given dynamics in �nite-
time and then to use these estimates for the estimation of the
best (in LQ-sense) nominal weights of the designed DNN;
2) second, we incorporate a switching (sign) type term in to
the observer structure to correct the current state estimates
using only available on-line measurable output data; 3)
third, we suggests here a new learning procedure with a
relay terms to accelerate and improve the corresponding
parameter adaptation process; and, 4) �nally, the sliding
mode control is used to obtain the �nite-time convergence
to zero of the tracking error.
The main contribution of this study is based on the

following de�nitions : xt is the current state of an uncertain
system, x̂t is the current state estimation generated by DNN
observer which is shown to be close to xt (that is, xt � x̂t
), ~xt is the linearized DNN state representation which is
closed to x̂t (that is, x̂t � ~xt ), x�t is the state of a reference
model. In this paper it is shown that xt � x̂t � ~xt � x�t .
This means that the application of a control, which solves
the problem (~xt � x�t ), for an initial uncertain system with
states xt at the same time guarantees that xt � x�t .

II. CLASS OF UNCERTAIN NONLINEAR SYSTEMS
Along this paper let's consider the class of nonlinear

systems given by

_xt = f (xt; ut; t) + �1;t
yt = Cxt + �2;t

(1)

where xt 2 <n is the system state at time t, yt 2 <p is
the system output, ut 2 <m is the control action (m � n),
C 2 <p�n is an a-priory known output matrix (p � n).
The vectors �1;t and �2;t represent the state and output
deterministic bounded (unmeasurable) disturbances, i.e.,�j;t2��j � �j ; ��j > 0; j = 1; 2 (2)

Hereinafter it is supposed that the class of nonlinear func-
tions in (1) satis�es the Lipschitz condition (uniform on t)
on two �rst argumens, that is,

kf (x; u; t)� f (y; v; t)k � L1 kx� yk+ L2 ku� vk
x; y 2 <n; u; v 2 <m; 0 � L1; L2 <1

(3)
The last inequality implies the following property

kf (xt; ut; t)k2 � C1 + C2 kxtk2 + C3 kutk2 (4)

valid for any x; u and t. Notice that (1) always could be
represented as

_xt = f0 (xt; ut; t j �) + ~ft
~ft := f (xt; ut; t)� f0 (x; u; t j �) + �1;t

(5)

where f0 (x; u; t j �) going to be treated like �nominal
dynamics� (this can be selected according to a designer
desires) and ~ft is an unknown vector called �unmodelled
dynamics�. The free-parameters vector � are subjected to
adjustment by an special procedure named DNN-training.
According to DNN approach suggested in (Poznyak et
al., 2001), the nominal dynamics will be de�ned by

f0 (x; u; t j �) = A(0)x+W (0)� (x) +B(0)u+B?v1t
� :=W (0); A(0) 2 <n�n; B(0) 2 <n�m

W (0) 2 <n�l; � (�) 2 <l�1
(6)

The .activation�vector � (�) := [�1 (�) ; :::; �l (�)]| is usu-
ally composed by sigmoid components (as usual in neural
networks representation):

�j (x) :=a�j

0@1+b�j exp
0@- nX

j=1

c�jxj

1A1A�1

j =1; l

(7)
satisfying its own Lipschitz condition

k� (x)� � (x0)k2 � l� kx� x0k2 (8)

The admissible control set for ut belongs to a special set
containing any state estimate feedback control function:

Uadm:=
n
u (x̂) : kuk2�u � v0+v1 kx̂k

2
�u

o
; �u>0 (9)
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where x̂ is any suitable state estimation. In view of (4) and
(9), an upper bound for the unmodelled dynamics ~ft takes
place: ~ft2

�f
� ~f0 + ~f1 kxtk2� ~f

+ ~f2 kx̂tk2� ~f
; � ~f > 0 (10)

In this work the following suppositions will be assumed
to be ful�lled.
A1. The class of unknown controlled dynamics is Lips-

chitzian, that is (3) and (4) hold.
A2. The unmeasured disturbances �1;t and �2;t are bound-

ed (satisfy (2)) and do not violate the existence of the
solution to ODE (1).

A3. Admissible controls satisfy the sector condition (9)
and, again, do not violate the existence of the solution
to ODE (1).

III. DNN OBSERVATION WITH SLIDING MODE
LEARNING

III-A. DNN structure containing relay correction term
Following to (Chairez et al., 2006), de�ne DNN observer

as follows:
d

dt
x̂t = A

(0)x̂t +Wt� (x̂t) +B
(0)ut +B

?v1t

K1 [yt � Cx̂t] +K2
yt � Cx̂t
kyt � Cx̂tk

; ŷt = Cx̂t
(11)

supplied with a special weight (Wt) updating (learning) law

_Wt = �
�
Wt; x̂t; yt; ut; t jW (0)

�
(12)

So, when ŷt = Cx̂t, ODE (11) should be attended as a
differential inclusion (Fillipov, 1998). Such �robust adaptive
observer� seems to be a more advanced device compared
to one containing only a linear (Luenberger type) correction
term since it possesses more higher sensibility within a zone
with a small output error (Poznyak et al., 2005). Accepting
the next additional assumptions:
A4. The nominal plant and the unmodelled dynamics sat-

isfy (6) and (10) and the pair
�
A(0); C

�
is observable

and
�
A(0); B

�
is controllable.

A5. The applied DNN observer has the structure as in (11)
with sigmoidal functions satisfying (8).

III-B. Problem formulation
Under the conditions A1-A5 for any admissible control

strategy ut satifying (9), select matrices A(0); B(0); K1; K2

and design the updating law (12) (including the selection of
W (0)) in such a way that the upper bound for the averaged
estimation error � de�ned as

� := l��m sup
t!1

1

t+ "

tZ
s=0

kx̂s � xsk2Q0
ds; ";Q0 > 0 (13)

would be, as less as possible and then, using the obtained
state estimations, construct a feedback controller ~ut =

~ut (x̂s) js2[0;t] such that the averaged (or, non averaged,
if feasible) tracking quality

J (~u) := l��m sup
t!1

1

t+ "

tZ
s=0

kx�s � xsk
2
~Q ds;

~Q > 0

would be small enough. Here x� is the state of a desired
dynamics given by

_x�t = � (t; x
�
t ) ; x

�
0 is �xed (14)

and is supposed to be available in every time t � 0.

III-C. Training process using the sliding-mode derivative
estimation
The off-line training for the suggested DNN observer

consists in the off-line best selection (before the begin-
ning of the state estimation) of the nominal parameters
� := [A(0);W (0); B(0)] using some available experimen-
tal data (utk ; xtk) jk=1;N . Notice that the corresponding
rate-vectors _xtk are not available and, therefore, they are
suggested to be estimated using Sliding Mode Approach
(Utkin, 1992). To do that let us introduce the, so-called,
auxiliary dynamics given by

_x
(aux)
t = vt; x

(aux)
0 2 Rn is �xed (15)

and de�ne the deviation vector �t := �xt�x(aux)t for which
by (1) it follows (here it is important to notice that �xt is a
software-interpolated version of the nonlinear system state
xt):

_�t = f (�xt; ut; t)� vt + �1;t (16)

Taking into account that by A1-A3 and (4)
kf (xt; ut; t)k2 � C1 + C2 kxtk2 + C3 kutk2 for the
Lyapunov function candidate V (aux) (�) := k�k2 =2 one
has

_V (aux) (�t) � k�tk
�
C1+C2 kxtk2 +C3 kutk2 +

p
�1

�
-�|t vt

Selecting

vt :=

�
k
(aux)
t �t= k�tk if k�tk > 0

0 if k�tk = 0
(17)

as a unitary (sliding-mode) control, the previous inequality
becomes as _V (aux) (�t) � ��� k�tk = ���

p
2V (aux) (�t)

if select k(aux)t as k(aux)t = C1 + C2 kxtk2+ C3 kutk2+p
�1 + ��; �� > 0 that implies V (aux) (�t) = 0 for all t � tr

:=
p
2V (aux) (�0)=�� = k�0k =��. This by (16) means that

vt;eq= _x
(aux)
t = _xt=f (�xt; ut; t)+�1;t=f0 (�xt; ut; t j �)

+ ~ft+�1;t=A(0)�xt+W (0)� (xt)+B(0)ut+ ~ft+�1;t
(18)

Remark 1: It is well-known (?) that for t � tr there
appears the, so-called, çhattering effect�in the realization
of vt. To avoid (minimize) it, usually, instead of vt; the
output v(av)t;eq of a low-pass �lter

� _v
(av)
t + v

(av)
t = vt, v

(av)
0 = 0 (19)
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is used. It is easy to show that vt ' v(av)t for small enough
� .
In view of (18) for A(0) = A(0)� and B(0) = B(0)� this

relation may be represented as

Yt := v
(av)
t �A(0)��xt �B(0)�ut +�Xt + �t (20)

where X|
t := (� (xt)) is considered as a regression input,

� := W (0) as a regression matrix to be found and �t
:= ~ft + �1;t as unmeasurable (�noise�) vector. De�ne the
best nominal matrix parameters ��N (obtained based on the
available N training data (t1 � tr)) as

��N =W
(0)� = argm��n

�

NX
k=1

�tk2
=
�
Yt1 � � � YtN

� �
Xt1 � � � XtN

�+ (21)

(here [�]+ means pseudoinverse in Moore-Penrouse sense)
subject to the constraint:
A6. The pair

�
A(0)�; B(0)�

�
is controllable.

Starting from tN we are ready to initiate the learning
(or DNN adaptation) process.

III-D. New �sign-type�learning law
Let going to apply the weights adjustment laws:

_W
(i;j)
t = �k�tS

(i;j)
t sign

�
~W
(i;j)
t

�
, i; j = 1; n

�t:=
N�P1 ~W |

t � (x̂t)
2
�
+2e|tCN�P1 ~Wt� (x̂t)

�kP2Wt� (x̂t)k2�� ; k > 0; � > 0
St any matrix with tr fStg = 1

� := C|��2C + ��1;
~Wt :=Wt �W (0)�;

e (t) := y (t)� Cx̂ (t) ; N� := (C|C + �I)�1

(22)

and Pj , j = 1; 2 are the positive solutions (if they exist) for
the algebraic Riccati equations given by

Pj ~A
(0)�
j +

�
~A
(0)�
j

�|
Pj + PjRjPj +Qj = 0 (23)

where ~A
(0)�
1 :=

�
A(0)� +K1C

�
; A

(0)�
2 := A(0)�;

R1 := �W��1�
+ ��1~f + ��1�1 + K1�

�1
�2
K|
1 , Q1 :=

(l� k��k + � k�1k) In�n + 2 ~f1� ~f + �
�1
D + Q0; Q0 >

0; R2 := K1C�DC
|K|

1 + B
(0)��1u B(0)|; Q2 := ��1� +

v1�u +
�
~f2 + 2 ~f1

�
� ~f ;

�W��1�
:=

�
W (0)��| ��1� W (0)�:

Notice that the function �t is not obligatory positive.
Teorema 1: If there are positive de�nite matrices

� ~f ;��1 ;��2 ;��;�D;�u;�1; Q0 and positive constants
�; k; v1 such that two matrixes Riccati equations (23) have
positive de�nite solutions, then the DNN observer (11) with
any matrix K1 guarantying that the close-loop matrix ~A(0)�
is stable, that is,

~A(0)� :=
�
A(0)� +K1C

�
is Hurwitz (24)

and
K2 = �P

�1
1 C|; � > 0 (25)

supplied by the learning law (22) providing the following
upper bound for the state estimation process:

l��m
T!1

1

T

TZ
t=0

k�tk2P dt � �Q=�Q (26)

where �Q := ~f0 + v0 + �1 + 3�2 + 8�
p
n�2 and �Q :=

�m��n

�
P
�1=2
1 Q0P

�1=2
1

�
> 0.

Remark 2: If there are no noises in system dynamics
(�1 = �2 = 0), the class of uncertain systems and the
control functions are �0-cone�type, i.e., ( ~f0 = v0 = 0);
then one has �Q=0 and, as main result, the asymptotic error
convergence �t ! 0 (t!1) is guaranteed.
III-D.1. Examples of several learning algorithms: The

same error upper bound (26) may be guaranteed by the
application of the procedure (22) with different matrix St,
however, the learning laws can be described by the general
equation S(i;j)t = �i;j=n + (1� �i;j)Gt (Gt is any matrix
of bounded norm with tr fGtg = 1), i; j = 1; n: Many
examples for learning procedures could be suggested:
1) Diagonal learning: S(i;j)t = �i;j=n (�i;j is the Kro-

necker symbol), i; j = 1; n:
2) Uniform learning: S(i;j)t = 1=n; i; j = 1; n:
III-D.2. Weights boundness on average:
Lema 1: For the learning law (22) and for any � 2

(0; �m��n (�)) the following property holds:

l��m
T!1

1

T

TZ
t=0

 ~Wt� (x̂t)
2 dt � l��m

T!1

1

T

R T
t=0

kC|etk2(���I)�1 dt

��m��n (PN2
� P )

(27)
that means that the weights Wt are bounded in average
(even there is an output noise).

IV. SLIDING MODE NEUROCONTROL
Now we are ready for designing a control which solves

the tracking problem, formulated above, and uses on-line
state estimates obtained by DNN observer (11).

IV-A. Sliding mode DNN linearization
In fact, DNN observer (11) represents one of possible

models of the given uncertain system (1). Unfortunately,
the structure of (11) is highly nonlinear that provokes a lot
of troubles for control designing based on such complex
model. Below we show that this highly nonlinear model
may be exactly approached (in �nite time) by a simple
linear model with a measurable input of a high frequency
(generated by a relay type element). To do that, represent
the DNN observer (11) as

d

dt
x̂t = Ax̂t + h (x̂t) +But +B

?v1t

h (x̂t) :=Wt� (x̂t)+K1 (yt � ŷt)+K2
yt � Cx̂t
kyt � Cx̂tk

(28)

and introduce the auxiliary model:
d

dt
~xt = A~xt +But +B

?v1t + v
2
t (29)
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where B? := I�(B|)+B|; ~xt is the state of this auxiliary
model, the matrices A and B are the same as in (28) which
are actually known, v1 and v2 are auxiliary controls (to be
selected) to provide the closeness between ~xt and x̂t.
Teorema 2: If v2t in (29) is selected as

v2t = kt�t= k�tk ; �t := x̂t � ~xt
kt := kA�t + h (x̂t)k+ 2�c; �c > 0

(30)

then for any t � t� =
k�0k
�c

we may guarantee the exact
matching between x̂t and ~xt.
Remark 3: Analogously to the �training process�, to

avoid the çhattering effect�, it is recommended to use the
low-pass �lter (LPF) (19) which maintains k�tk � " for
small enough " > 0, that is, to use instead of v2t the
.averagedçontrol v2(av)t generated by the LPF � _v2(av)t +

v
2(av)
t = v2t ; v

2(av)
0 = 0. Now it is possible to conclude the

uncertain dynamics (1) can be successfully approximated
by quasi-linear dynamics (29) with the exciting input v2t
(30). Below we show that such model turns out to be very
convenient for a �nal control designing.

IV-B. The orthogonal compensation control
Now, the tracking process is analyzed. Let's introduce

the tracking error given by dt := ~xt � x�t where x�t is the
desired tracking process given by (14). In view of (29) the
tracking error dynamics is governed by the following ODE:

_dt = Adt +But +B
?v1t + �t (31)

where �t := Ax�t � � (t; x�t ) + v2t . Any vector �t always
can be represented as its projection to another vector
plus its orthogonal projection. Taking into account that
But ? B?v1t for any ut and v1t (since

�
But; B

?v1t
�
=�

ut; B
|
�
I � (B|)+B|

�
v1t

�
= 0), we have:

�t := B1;t +B
?2;t (32)

(rankB? = n�m) where 1;t = B+�t; 2;t =
�
B?
��
�t.

Using (32) the dynamics (31) may be presented as
_dt = Adt +B

�
ut + 1;t

�
+B?

�
v1t + 2;t

�
(33)

Let us take ut := �ut� 1;t; v1t :=�v1t � 2;t that transforms
(33) into

_dt = Adt +B�ut +B
?�v1t = Adt +

�
B
... B?

�
~ut

~u|t :=

�
�ut
... �v1t

�
2 Rn+m; rank

�
B
... B?

�
= n

(34)

Teorema 3: If
1. ~ut is selected as

~ut := �~k
�
B
... B?

�+
Adt + ~u

0
t;
~k > 0

~u0t := �~k
�
B
... B?

�+
dt
kdtk�

B
...B?

�+
:=
�
B
...B?

�|��
B
...B?

� �
B
...B?

�|��1
(35)

then for any t � tf = kd0k =
�p
2~k
�
we may

guarantee the exact tracking, that is, dt = 0.
2. the pair (A;B) is stabilazable and ~ut is selected as

~u|t :=

�
�ut
... �v1t

�
=

�
Kdt

... 0
�

(36)

where the matrix K guarantees that A+ BK would
be stable, then dt = e(A+BK)td0 ! 0 when t!1.

IV-C. Main result on quality of a sliding mode neurocon-
trol
Bringing together the three stages of control designing,

which have been described above, we may formulate the
main result on the neuro- tracking-control of a class of
uncertain nonlinear dynamic system subject to state and
output external perturbation.
Teorema 4: For the class of uncertain nonlinear systems

(1) under the assumptions A1-A6 the sliding mode neu-
rocontrol (35), which uses the auxiliary signals x̂t and
~xt generated by DNN observer (11) and the ODE (29)
respectively, provides the following quality (on .average�)
of the tracking process with the desired dynamic x�t given
by (14):

l��m
T!1

1

T

TZ
t=0

kxt � x�t k
2
Q0
dt � 3

�
�Q
�Q

+ "1 + "2

�
(37)

where the constants �Q and �Q are de�ned in (??) and
"i (i = 1; 2) describes the quality of the low pass �ltering
(19) applied to the sliding-mode controls v2t (30) and ~ut
(35), that is, if instead of v2t and ~ut there are used v

2(av)
t and

~u
(av)
t satisfying

v2t � v2(av)t

 � "1; ~ut � ~u(av)t

 � "2.
V. NUMERICAL RESULTS

The real water puri�cation process by ozonation (where
only the unique monitoring data are on-line measurements
of the ozone concentration in the outlet of a reactor) is
presented below as an illustrating example.

V-A. Water ozonation process
Ozone is intensively used in water and waste water

treatment, disinfection, bleaching and industrial oxidation
processes, due to the very high oxidizing power of ozone.
Based on the results obtained in (Chairez et al., 2006),
where the simple ozonation with one contaminant at the
acid pH has been treated, we can describe this process using
the following system of three ODE's:

_x1;t =
1

Vgas

�
Wgas

�
Cogas � x1;t

�
�Ksat (Qmax � x2;t)

�
_x2;t = Ksat (Qmax � x2;t)� kcx2;tx3;t
_x3;t = �kcV �1liq x2;tx3;t; yOz = x1;t

(38)
where x1;t (mol=l) is the ozone concentration in the output
of the reactor (this is ozone which doesn't react with
organic compounds dissolved in water), x2;t (mol) is ozone
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dissolved in a liquid phase, x3;t (mol=l) is the organic com-
pound concentration at time t. The parameters involved in
the model description, have the following physical meaning:
Vgas = 0;4l is the volume of gas phase in the reactor,
Wgas = 0;02 l=s is the oxigen gas �ow in the inlet
of the reactor, Ksat = 0;02 s�1 is the ozone saturation
constant, Qmax = 4 � 10�6 mol is the maximum of ozone
being in the saturated state liquid phase under the given
conditions, kc = 756 l= (mol � s) is the ozonation rate
constant for the contaminate, Vliq = 0;6l is the liquid phase
volume in the reactor. The learning alghorithm applied here
was the uniform learning with S(i;j)t = 1=n; i; j = 1; n,
k = 15. The desired dynamics was selected as: _x�t =24 0 0 0
0 0 0
0 0 �2;2

35x�t ; x�0 =
24 1;710�3

5;710�7

2;010�2

35. The results of
the corresponding simulations are presented in the �gures
below. In the �gures (1) and (2), the estimation and control
trajectories are shown for the states x2;t and x3;t.

Figura 1. The estimation and control process of the state x2;t for the
ozonation system.

Figura 2. The estimation and control process of the state x3;t for the
ozonation system.

VI. CONCLUSIONS
In this paper a new sliding mode neurocontrol is suggest-

ed and analyzed. It consists in the sliding mode approach
application to control a linearized model of a dynamic
neural network observer which represents a model of an
uncertain nonlinear system to be controlled. A new learning
law, using relay correction term, is suggested and the
weights of this neural network are shown to be bounded on
average. The upper bound for the averaged tracking error is
established if the sliding mode neurocontrol be applied. The
control of the real water puri�cation process by ozonation
is considered. It shows a nice workability of the suggested
approach.
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